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a b s t r a c t
Asoil–crop–environmentmodelwasused todescribe the combinedeffects of atmospheric carbondioxide
concentration [CO2], temperature and precipitation on different agricultural crop species. Within this
model, a set of algorithms describing CO2 response to photosynthesis and crop water use efﬁciency,
which differed in complexity and parameter requirements, was tested for its suitability to explain crop
growth responses and soil moisture dynamics observed over 6 years in a crop rotation (winter barley,
sugar beet and winter wheat) with two cycles under normal and elevated atmospheric CO2 levels (FACE
experiment; Weigel and Dämmgen [46]).
All algorithms were able to describe an observed increase in above-ground dry matter for all crops
in the rotation, with Willmott’s index of agreement (IoA) ranging between 0.93 and 0.99. Increasing
water use efﬁciency with rising CO2 was also successfully portrayed (IoA 0.80–0.86). A combination
of a semi-empirical Michaelis–Menten approach, describing a direct impact of CO2 on photosynthesis,
and a Penman–Monteith approach with a simple stomata conductance model for evapotranspiration
yielded the best simulations. This combination is therefore considered suitable for the description of
yield responses to rising [CO2] at the regional level. However, the performance of all tested algorithms
was only marginally different at 550ppm CO2.
Roy© 2009
. Introduction
The impact of climate change on food production is one of the
ey concerns of policy and research [1–3]. Global climate mod-
ls (GCMs) use the main processes that drive the earth’s climate
o calculate future climate scenarios under different precondi-
ions [4–7]. Regional climate models [8,9] or weather generators
10,11] downscale the GCM results to a meso-climate level, which
an then be used to forecast climate effects on regional agricul-
ure. This step is necessary since crop growth is very sensitive to
adiation, temperature, soil moisture and other climate-derived
ariables, and crop growth modelling for yield prediction can only
e carried out satisfactorily if local weather is predicted accurately.
ince landscape at the meso-scale has signiﬁcant feedback rela-
ions to the development of local weather from global climate, the
ownscaling process needs to account for a number of landscape
haracteristics (e.g., surface elevation and land use distribution).
oil–crop–environmentmodels calculate thegrowthof agricultural
∗ Corresponding author.
E-mail address: nendel@zalf.de (C. Nendel).
573-5214/$ – see front matter © 2009 Royal Netherlands Society for Agriculture Science
oi:10.1016/j.njas.2009.07.005al Netherlands Society for Agriculture Sciences. Published by Elsevier B.V.
All rights reserved.
crops under consideration of site speciﬁcations and can predict
yields using the downscaled weather data [12].
Climate change is expected to affect crop growth mainly by
increasing temperature, shifting precipitation distribution, chang-
ing precipitation amount, and increasing atmospheric carbon
dioxide concentration [CO2]. At the regional level, downscaledGCM
scenarios predict both increases and decreases in rainfall [13] for
different regions and of temperature for different seasons.
Describing the interactions between crop growth, soil processes
and weather variables in a simulation model is the current state-
of-art methodology to interpret downscaled GCM outputs for yield
predictions. However, not all models include the most important
feedback relations. One process included in agricultural process
models is the impact of [CO2] on crop growth [14–16]. [CO2]mainly
affects two processes: (1) in plants using the C3mechanism of pho-
tosynthesis, anelevated [CO2]directly increases thephotosynthetic
rate [17], and (2) a higher [CO2] also decreases stomatal conduc-
tance [e.g., 17] and thus increases water use efﬁciency [18].
The impact of [CO2] onphotosynthesis has been included in sim-
ulation models in different ways [19]. Simpler approaches use an
empirical relation between [CO2] and a crop-speciﬁc radiation use
efﬁciency (RUE) factor [20–23]. Others employ a [CO2]-dependency
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f the photosynthesis–light response curve [24–26]. Only a few
pproaches use leaf-level biochemical algorithms, which require
xtensive parameterization and are therefore more applicable to
iochemical process research [e.g., 27].
Leaf stomata control uptake of CO2 for photosynthesis and exit
f water vapour. The stomatal opening, and hence the conductance
or CO2 and H2O (gs), is determined by light interception, [CO2] and
he plant’s water status [17]. However, stomata regulation mech-
nisms are more complex, since dependency on photosynthesis
ctivity is proven [28–30].
In this network of interactions, temperature affects a number
f related processes. Photosynthesis itself reacts to temperature
31–34], as does crop transpiration, since the driving water vapour
aturation deﬁcit (D) is temperature-dependent. Moreover, a tem-
erature relation is alsoknown for theCO2 compensationpoint ( ),
hich describes [CO2] when assimilation and dissimilation are at
quilibrium [35].
Coupled photosynthesis–transpiration models that include
tomatal conductance have been presented at different levels of
etail. Apioneermodellingworkwaspresentedby Jarvis [36], using
ifferent coefﬁcients to adjust stomatal conductance. The model of
all et al. [28], often referred to as the Ball–Berry model, assumes a
inear relationship between stomatal conductance and photosyn-
hesis,while FarquharandWong [37]presentedanempiricalmodel
n the basis of adenosintriphosphate as a vehicle for energy trans-
er. The Ball–Berry model was later reﬁned by the works of Collatz
t al. [38], Leuning [29,30], Yu et al. [39,40] and Yu et al. [41]. Dewar
42,43], Gao et al. [44] and Buckley et al. [45], on the other hand,
eveloped detailed biochemical models based on the concepts of
arquhar and Wong [37].
A soil–crop–environment model is currently under develop-
ent for the simulation of climate change effects on typical
gricultural crops produced in northern Europe. In order to equip
he model with the best available approach to describe the impact
f CO2 on crop growth, various algorithms were compared in the
odel framework against data from a free air carbon enrichment
FACE) experiment [46]. This paper presents the results of the sim-
lations and discusses the usefulness of the different algorithms for
egional yield predictions under climate change in Germany.
. Materials and methods
.1. The FACE experiment
At the experimental station of the Johann Heinrich von Thünen
nstitute (vTI; formerly known as the Federal Research Agricul-
ural Research Centre of Germany) at Braunschweig-Völkenrode,
ermany (52◦18′N, 10◦26′E), a 3-year crop rotation (winter bar-
ey, sugar beet and winter wheat) was grown over two cycles
t normal and elevated [CO2] (FACE experiment; Table 1). The
rop rotation represents a typical cash crop sequence in northern
ermany. The crops were grown under optimum nutritional and
ydric conditions. Standard crop protection was applied. A FACE
ystem, consisting of six rings with a 20-m diameter, engineered
y Brookhaven National Laboratory New York, USA, was used
47]. Treatments included two rings equipped with blowers and
nriched with CO2, two rings operated with blowers and ambient
ir only, and two rings without blowers. Target CO2 concentration
n the enriched rings during daylight hours was 550ppm. In order
o study the interaction between C and nitrogen (N), the N sup-
ly was restricted to 50% (N50) of adequate N (N100) in a subplot
ithin the six rings. The FACE experiment was described in detail
y Weigel and Dämmgen [46].
The soil at the experimental site is a luvisol with a loamy sand
exture (69% sand, 24% silt, 7% clay), with 1.4% organic carbon (SOC)al of Life Sciences 57 (2009) 17–25
and a pH of 6.5. The soil texture allows a volumetric plant avail-
able water content (PAWC) of approximately 18% in the ploughed
layer (0–30 cm), which decreases slightly with increasing proﬁle
depth. During the experiment, soil moisture contents were deter-
mined gravimetrically. Fresh and dry weights of individual plant
organs (culm, leaves and ears or beet, respectively) were measured
at intermediate harvests. At the ﬁnal harvest, the cereal grain yield
was also quantiﬁed. Crop phenology was surveyed. Daily weather
data were recorded at a nearby weather station (at a distance of
approximately 500m).
2.2. The model framework
We used the HERMES model as a framework for testing the dif-
ferent CO2 response algorithms. HERMES was designed to simulate
crop growth, water and nitrogen uptake, and the nitrogen dynam-
ics in the soil for applied purposes. This implies simple and robust
model approaches that are able to operate under restricted data
availability. A more detailed description of the model is provided
by Kersebaum and Beblik [48] and Kersebaum [49].
A capacity approach was used to describe soil moisture dynam-
ics. The capacity parameters are derived from German soil texture
classiﬁcations and modiﬁed by soil organic matter content, bulk
density and groundwater level [50]. The reference evapotranspira-
tion is calculated using the Penman–Monteith method, according
to Allen et al. [51], which requires the diurnal minimum and max-
imum temperature, water vapour pressure deﬁcit, wind velocity
and total global radiation. Crop-speciﬁc potential evapotranspira-
tion is calculatedusing crop-speciﬁc factors (kc)during thegrowing
season and bare soil factors between harvest and crop emergence.
The kc factors are linked to crop developmental stages. Partition-
ing between evaporation and transpiration is a function of leaf area
index (LAI), which is calculated by the crop growth model. The cal-
culation of actual evaporation and transpiration considers the soil
moisture status and vertical root distribution [52].
Daily net mineralization of nitrogen (N) is simulated depend-
ing on temperature and soil moisture from two pools of potentially
decomposable nitrogen [53], which are derived from the amount
of soil organic matter and crop residues left from the previous
crop. Denitriﬁcation is described using aMichaelis–Menten kinetic,
which is dependent on soil nitrate content, water-ﬁlled pore space
and temperature [54].
Crop growth follows a generic approach, based on the SUCROS
model [55]. Daily net dry matter production by photosynthesis and
respiration is driven by global radiation and temperature. Assim-
ilates are partitioned depending on the crop development stage,
which is calculated froma thermal sum(degreedays) andmodiﬁed,
when appropriate, for each stage by day length and vernalization.
Root dry matter is distributed over depth according to Gerwitz and
Page [52], with the rooting depth increasing exponentially with
the modiﬁed thermal sum. For cereals, the grain yield was esti-
mated at harvest from the weight of the storage organ. With the
crop residues, N that was not previously exported with the product
is recycled.
Crop growth is limited by water and N stress. Moisture stress
is indicated by the ratio of actual to potential transpiration. Water
and nitrogen uptake is calculated from the potential evaporation
and crop N status, depending on the simulated root distribu-
tion and the availability of water and N in different soil layers
[54]. Potential N uptake is reduced to actual N uptake if the soil
mineral-N supply is limited by a maximum uptake rate per root
length. Nutrient transport to the roots is simulated using a sim-
pliﬁed radial convection and diffusion approach [54]. The concept
of critical N content in plants as a function of the crop’s develop-
mental stage [48] or of crop biomass [56] is applied to assess the
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nd nitrogen stress is also considered for speciﬁc development
tages.
The model under development will adopt many of the ideas
riginally developed and tested for HERMES [49].
.3. The CO2 response algorithms
In order to equip the model with a suitable approach to describe
O2 impact on crop growth, a number of algorithms were selected.
inear relationships [23] were excluded from the panel of possi-
le choices. On the other hand, detailed biochemical approaches
43–45] were also rejected because HERMES computes daily time
teps with a limited quality of input variables and parameters. The
echanistic and partly empirical character of HERMES determines
he range of complexity the response algorithms have to match.
he approaches selected for testing were Mitchell, Nonhebel and
offman, as outlined below.
.3.1. The Mitchell approach for CO2 impact on photosynthesis
Mitchell et al. [57] presented a set of algorithms based on the
deas of Farquhar and von Caemmerer [16] and Long [58], calculat-
ng the maximum photosynthesis rate:
max = (Ci − 
∗)Vc max
Ci + Kc(1 + (Oi/Ko))
(1)
here Ci is the intercellular concentration of CO2,  * is the CO2
ompensation point of photosynthesis, referring to Ci in absence of
ark respiration, Oi is the intercellular concentration of O2, Vcmax is
he maximum Rubisco saturated rate of carboxylation, and Kc and
o are theMichaelis–Menten constants for CO2 andO2. The temper-
ture dependencies of Ci, Oi, Kc, Ko and Vcmax and their parameters
ere described by Long [58].
Due to the nature of the testing environment, the Mitchell
pproach was modiﬁed such that the algorithms for subsaturating
ight intensities proposed by Mitchell et al. [57] were not applied.
nstead, Amax is adjusted for light interception according to Goudri-
an and van Laar [59]. For the transition between photosynthetic
ight use efﬁciency (ε) and light saturated photosynthesis, Mitchell
t al. [57] suggested using:
= 0.37 · (Ci − 
∗)
4.5Ci + 10.5 ∗
(2)
his set of algorithms is characterized by a level of complexity
omparable to the modelling environment.
.3.2. The Nonhebel approach for CO2 impact on photosynthesis
A much simpler approach was extracted from the SUCROS87
odel [60], as proposed by Nonhebel [61]. Here, the light use efﬁ-






here Ca denotes [CO2],  is the CO2 compensation point of pho-
osynthesis referring to Ca, and Eo is the quantum use efﬁciency.
able 1
etails of the FACE crop rotation.
Year
1999/2000 2001 2
Crop Winter barley Sugar beet W
N-Fertilizer (100%) (kgNperha) 152 126 2
Irrigation (mm) 69 107 6
Mean reference CO2 (ppm) 370 370 3
Mean elevated CO2 (ppm) 550 550 5al of Life Sciences 57 (2009) 17–25 19




350 −  Amax(350) (4)
2.3.3. The Hoffmann approach for CO2 impact on photosynthesis
Anapproach similar toNonhebel’s [61]was chosenbyHoffmann
[62]. Based on his own work with sugar beet and tree species and
on data previously obtained by Gaastra [34], he adjusted Amax by
the factor:
KCO2 =
(Ca −  )/(k1 + Ca −  )
(Ca0 −  )/(k1 + Ca0 −  )
(5)
where Ca0 denotes the ambient [CO2], and Ca is the elevated [CO2].
Furthermore, k1 =220+0.158Ig and  =80−0.0036Ig, where Ig is
the global radiation [kJm−2 day−1].
2.3.4. The Allen/Yu approach for CO2 impact on crop transpiration
Only one approach was selected to describe crop transpiration.
Evapotranspiration was calculated according to Penman and Mon-
teith [51], using the stomata resistance calculated according to the
suggestion by Yu et al. [63] as
rs = Cs(1 + (D/D0))a · Ag (6)
where a is a constant, Ag denotes the gross photosynthesis rate,
D/D0 describes the air water vapour deﬁcit, and Cs is the ambient
CO2 concentration at leaf-level, which in this case was set equal to
Ca.
2.4. Model calibration and algorithm testing
HERMES was calibrated to the data of the control treatment of
the FACE experiment using the output variables of soil moisture
(sum of 0–60 cm soil depth), above-ground crop dry matter and
yield. To simulate the elevated [CO2] treatments, the CO2 response
algorithms were incorporated. No further calibration was carried
out. The Allen/Yu algorithm was tested in combination with the
three approaches for CO2 impact on photosynthesis.
A number of criteria were chosen to evaluate the model per-
formance. The following denotations apply: n=number of exper-
iments; Pi =predicted values; Oi =observed values; O¯=observed
mean.
2.4.1. Mean bias error
The mean bias error (MBE) informs about any systematic over-
or under-prediction of the model [64]. It can be expressed in the





2.4.2. Mean absolute error
The mean absolute error (MAE) is here preferred to the root
mean square error (RMSE), sincedue to its quadratic natureRSME is
001/2002 2002/2003 2004 2004/2005
inter wheat Winter barley Sugar beet Winter wheat
51 179 125 201
0 63 84 121
70 378 377 379
50 547 549 550
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Table 2
FACE experiment and simulation statistics for above-ground dry matter and soil moisture (100% N treatments). Paired Student’s t-test for testing H0 (ambient–550ppm≥0)
vs. H1 (ambient–550ppm<0) at ˛=0.01.
Treatment n Mean SD d.f. t p*
Above-ground dry matter
Observed
Ambient 32 9052.1 6378.9
31 −6.1917 4.1e−7a550ppm 32 9978.4 6909.3
Simulated
Ambient 32 9030.4 6306.0
31 −4.2386 9.9e−5550ppm 32 10069.5 7023.7
Yield
Observed
Ambient 9 6786.1 4930.1
8 −2.9995 8.5e−3550ppm 9 7371.7 5375.7
Simulated
Ambient 9 6905.6 5284.9
8 −3.6029 3.5e−3550ppm 9 7534.4 5631.6
Leaf area index
Observed
Ambient 27 3.6 1.9
26 −1.2725 1.1e−1550ppm 27 3.7 2.1
Simulated
Ambient 27 5.4 2.8
26 −13.46397 1.5e−13550ppm 27 6.1 3.0
Soil moisture
Observed
Ambient 58 58.6 15.8
























formance was similar under limited N supply and elevated [CO2].
For these variables, the Nonhebel approach performed slightly less
adequately than the other ones (Fig. 2). All algorithms were able
to describe an observed increase in above-ground dry matter for
all crops in the rotation under elevated Ca. Differences betweenAmbient 58 62.9
550ppm 58 67.4
a Bold ﬁgures denote rejected null hypothesis H0.
ery sensitive to outliers and furthermore dependent on n0.5. MAE
verages the absolute, unaltered values and is thus more robust








.4.3. Index of agreement
The index of agreement (IoA) was introduced by Willmott [66].
he dimensionless index varies between 0 (no agreement) and 1
perfect agreement) and can be understood as the mean squared
rror, standardized by the variability of predicted and observed
alues about the observed mean:







∣∣+ ∣∣Oi − O¯
∣∣)2 (9)
. Results
The Braunschweig FACE experiment revealed two important
esults: increased [CO2] (1) enhanced crop growth for all inves-
igated species (Table 2; ‘above-ground dry matter’) and (2)
ecreased the evapotranspiration rate of the canopies, resulting
n higher soil moisture content (Table 2; ‘soil moisture’) [67,68].
easured as well as simulated differences between ambient and
levated [CO2] treatments were highly signiﬁcant (p<0.01) for all
ases, except observed LAI data (Table 2). All algorithms tested
ithin the HERMES model framework adequately described the
bserved crop growth and soil moisture dynamics under ambient
nd elevated [CO2] (Tables 3–5). Since the Nonhebel and Mitchell
pproaches also affected the method of calculating photosynthesis19.5
57 −10.3480 5.3e−1518.8
under ambient Ca (Fig. 1), simulation of the control treatment pro-
cessyieldeddifferent results for all selectedapproaches. IoAyielded
values of between 0.93 and 0.99 for the calibrated simulation of
above-ground dry matter (including beet dry mass for sugar beet)
andyieldwitha sufﬁcient supplyofN.However, the simulationper-Fig. 1. Gross assimilation simulated for a clear day (2150 J cm2 day−1) at Braun-
schweig, Germany, using three different approaches for the description of the CO2
effect on photosynthesis: sensitivity analysis for atmospheric CO2 concentration.
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Table 3
Mean bias error (MBE) between simulated and observed variables of the crop rota-
tion experiment for different approaches for the description of CO2 impact on crop
growth.
CO2 level (ppm) Ambient 550
N level (%) 100 50 100 50
Hoffmann
Above-ground dry matter (t ha−1) 0.13 0.55 −0.59 −0.25
Yield (t ha−1) −0.36 0.30 −0.70 −0.18
Leaf area index (m2 m−2) 1.75 2.19 2.41 2.54
Soil moisture (0–60 cm) (%FCa) 5.65 −6.24
Hoffmann+Allen/Yu
Above-ground dry matter (t ha−1) 0.86 0.43 −0.45 0.34
Yield (t ha−1) −0.27 0.55 −0.49 −0.41
Leaf area index (m2 m−2) 1.78 2.18 2.42 2.46
Soil moisture (0–60 cm) (%FC) 4.30 −2.39
Nonhebel
Above-ground dry matter (t ha−1) −1.76 −0.70 −0.92 1.97
Yield (t ha−1) −1.64 −0.85 −1.04 −0.33
Leaf area index (m2 m−2) 1.23 1.83 2.74 2.60
Soil moisture (0–60 cm) (%FC) 6.19 6.62
Nonhebel +Allen/Yu
Above-ground dry matter (t ha−1) −0.43 1.02 1.04 1.29
Yield (t ha−1) −2.10 −1.25 −1.69 −0.82
Leaf area index (m2 m−2) 1.15 1.98 2.75 2.95
Soil moisture (0–60 cm) (%FC) 4.98 −2.85
Mitchell
Above-ground dry matter (t ha−1) 0.18 0.53 −0.14 −0.19
Yield (t ha−1) −1.03 −0.27 −1.26 −0.74
Leaf area index (m2 m−2) 3.14 2.96 3.48 3.10
Soil moisture (0–60 cm) (%FC) 4.30 −7.41
Mitchell +Allen/Yu
Above-ground dry matter (t ha−1) 0.15 0.48 −0.03 −0.14
Yield (t ha−1) −1.10 −0.30 −1.16 −0.50
Leaf area index (m2 m−2) 3.10 2.84 3.41 2.94























Mean absolute error (MAE) between simulated and observed variables of the crop
rotation experiment for different approaches for the description of CO2 impact on
crop growth.
CO2 level (ppm) Ambient 550
N level (%) 100 50 100 50
Hoffmann
Above-ground dry matter (t ha−1) 0.82 1.00 1.21 1.13
Yield (t ha−1) 1.24 1.54 1.32 1.94
Leaf area index (m2 m−2) 1.95 2.19 2.58 2.54
Soil moisture (0–60 cm) (%FCa) 11.62 13.57
Hoffmann+Allen/Yu
Above-ground dry matter (t ha−1) 1.38 1.11 1.36 1.03
Yield (t ha−1) 1.29 1.51 1.33 1.20
Leaf area index (m2 m−2) 1.98 2.18 2.59 2.46
Soil moisture (0–60 cm) (%FC) 10.23 11.52
Nonhebel
Above-ground dry matter (t ha−1) 2.08 1.43 1.49 2.04
Yield (t ha−1) 1.90 1.61 1.63 2.42
Leaf area index (m2 m−2) 1.62 1.85 2.85 2.60
Soil moisture (0–60 cm) (%FC) 12.12 13.82
Nonhebel +Allen/Yu
Above-ground dry matter (t ha−1) 1.48 1.17 1.37 1.49
Yield (t ha−1) 2.10 1.33 1.70 1.51
Leaf area index (m2 m−2) 1.61 2.00 2.98 2.95
Soil moisture (0–60 cm) (%FC) 10.51 11.58
Mitchell
Above-ground dry matter (t ha−1) 0.92 1.39 1.08 1.06
Yield (t ha−1) 1.17 1.17 1.41 1.49
Leaf area index (m2 m−2) 3.14 2.96 3.48 3.10
Soil moisture (0–60 cm) (%FC) 11.59 14.44
Mitchell +Allen/Yu
Above-ground dry matter (t ha−1) 1.00 1.37 1.03 1.34
Yield (t ha−1) 1.22 1.16 1.24 1.61
Leaf area index (m2 m−2) 3.10 2.84 3.42 2.94
Soil moisture (0–60 cm) (%FC) 9.88 11.81a FC =ﬁeld capacity.
CO2] treatments for observed and simulated (Hoffmann approach)
alues are given in Fig. 3.
The simulation of LAI was already poor for the calibrated
imulation (0.52–0.61) and further decreased under N limitation
0.49–0.55), elevated [CO2] (0.51–0.57) and a combination of both
0.49–0.54).
The simulation of soil moisture was compared with aggregated
ata (0–60 cm soil depth, Fig. 4), revealing an IoA of 0.82 for cali-
rated conditions and 0.79–0.80 under elevated Ca. Measurements
or the limitedN treatmentwerenot available. Differences between
CO2] treatments for observed and simulated (Hoffmann approach)
alues are given in Fig. 5.
The overall performance improved slightly when the CO2 effect
n transpiration was also taken into account (Tables 3–5). The
ain reason for this improvement was the better performance
f the soil moisture simulation for all approaches (Fig. 4). On the
asis of above-ground dry matter, yield, LAI and soil moisture
imulation, the Hoffmann approach to the CO2 effect on photosyn-
hesis in combination with the Allen/Yu approach to the CO2 effect
n transpiration performed best. Nonetheless, differences were
arginal.
. DiscussionAnumber of approaches have been published and tested against
eld or climate chamber data to describe the impact of [CO2] on
rop growth [69]. Although some empirical linear approaches havea FC =ﬁeld capacity.
been used in climate change assessments [e.g., 23], most mod-
elling approaches use algorithms that describe the CO2 effect on
photosynthesis in the asymptotic way it is observed in ﬁeld and
laboratory experiments [34].
A suitable approach to describe the CO2 impact on crop growth
within a soil–crop–environment model needs to consider all major
feedback relations, as well as the semi-empirical character of the
modelling framework. Themodelwill calculate results in daily time
steps with a limited number of input variables and parameters.
Moreover, short computing times are required for future integra-
tion into auser-friendly decision support system. For these reasons,
oversimpliﬁed and overelaborated approaches were not consid-
ered. The ﬁnal selection included three different approaches of
moderate complexity, all sufﬁciently documented in the scientiﬁc
literature. Testing these algorithms revealed that, at this level of
detail, the choice of approachmade little difference. All approaches
enabled the model to adequately describe crop growth and yield,
revealing an IoA rangingbetween0.93 and0.99. Suchperformances
are often found for single season crop growth simulations [e.g.,
70]. However, for a 6-year rotation with three different crops,
this result is more than satisfactory [12]. The growth response
to elevated [CO2] as observed in the ﬁeld experiment was also
portrayed correctly by the model using the selected approaches.
Although the Hoffmann approach performed best, the other ones
were almost as good. However, the Nonhebel algorithm produced
a steeper slope in the response curve than the other two algorithms
(Fig. 1).
22 C. Nendel et al. / NJAS - Wageningen Journal of Life Sciences 57 (2009) 17–25

















Hor the description of the CO2 effect on photosynthesis. = observed above-groun
simulation using the Nonhebel [61] approach, and = simulation using the Mitc
LAI simulation was less accurate. However, this was attributed
o deﬁciencies of the HERMES framework rather than to CO2
esponse algorithms. In HERMES, a LAI above 5.0 does not affect
rop growth, so this shortcoming can be ignored [55].
The similar performance of the algorithms is especially remark-
ble since the Hoffmann approach is given indirect preference
nder calibration; being the only algorithm not to affect any of
he model framework’s processes under ambient [CO2], the cal-
bration process yields the best performance for this approach
priori. The Nonhebel and Mitchell algorithms affect a number
f relations under ambient [CO2]. Incorporating these algorithms
lready leads to lower quality simulation results than the Hoff-
ig. 3. TheBraunschweig FACE experiment: differences in above-grounddrymatter
including tuber dry matter for sugar beet) between treatments with ambient and
50ppm atmospheric CO2 concentration. = observed above-ground dry matter
100% N treatment) and= simulated above-ground dry matter (100%N treatment,
offman approach).matter (100% N treatment), = simulation using the Hoffmann [62] approach,
7] approach.
mannapproach for the ambient [CO2] treatment. For the simulation
of the elevated [CO2] treatment, however, the preconditions were
unbiased.
With regard to the sensitivity analysis depicted in Fig. 1, the
Hoffmann approach showed an assimilation response to [CO2]
resembling the Mitchell approach. This again is remarkable since
the empirical Hoffmann approach was based on data from cli-
mate chambers obtained in the 1950s, whereas the Mitchell
approach was developed from mechanistic considerations and
data from both climate chambers and FACE experiments. The
Nonhebel approach differed in the portrayed relation. How-
ever, at 550ppm CO2, all approaches estimated a similar gross
assimilation rate. Consequently, their simulation performance
for this [CO2] level was almost identical. The lower assimila-
tion rate calculated using the Nonhebel approach for ambient
[CO2] consequently resulted in a lower simulated crop growth
(Fig. 2). Expressed as the percentage of crop production at ambi-
ent [CO2], the Hoffmann and Mitchell approaches predicted an
increase of approximately 10% at 550ppm CO2, which is in line
with other ﬁndings, e.g., Kimball et al. [71] and Weigel et al.
[68].
Simulation of the soil moisture dynamics yielded acceptable
results for the ambient [CO2] treatment. The sugar beet was irri-
gated during the experiment and developed only a shallow rooting
system to approximately 30 cm depth. This had an impact on
the simulation of the depth distribution of soil moisture (not
shown) since the default parameters for sugar beet assumed a non-
irrigated crop. For this reason, we chose a method of displaying
the data as bulk percentage of ﬁeld capacity to show that within
































used in decision support platforms that aim to advise farm-
ers and policy-makers on how to develop adoption strategies to
meet the risks and potentials of climate change (LandCaRe2020;
http://www.landcare2020.de/index.html).ig. 4. The Braunschweig FACE experiment: exemplary simulation of the soil moist
ith and without consideration of the CO2 effect on crop transpiration according to
50ppm CO2 level (bottom). = observed soil moisture, = simulated soil mois
he CO2 effect on photosynthesis and transpiration.
he soil depth of 60 cm at least the overall amount of water in
he soil was correctly simulated (Fig. 3). Under elevated [CO2],
higher soil moisture level was observed in the ﬁeld. Using the
O2 response algorithm for transpiration this effect was correctly
escribed by the model. Even if the details of water movement
n individual years were not adequately simulated, the difference
etween the two CO2 treatments expressed as the sum over 6
ears corresponded well with the observed mean difference in
ctual evapotranspiration of approximately 20mm water per year
data not shown). This performance is acceptable for use as a
ulti-year simulation tool for climate impact assessment. With
egards to feedback relations in ecological simulation models, it
as to be emphasized that adding the CO2 response algorithm
or crop transpiration improved not only the simulation of soil
oisture dynamics, but also the simulation of crop growth, albeit
lightly.
The temperature effects on crop growth and feedback relations
o CO2 impact have been incorporated into the background of this
nvestigation. This was due to the fact that temperature effects
ere not explicitly investigated in the FACE experiment. How-
ver, temperatures were recorded and used as input variables to
rive HERMES, which simulates actual photosynthesis and respi-
ation, dependent on temperature. With the temperature effects
n soil moisture (evapotranspiration) and N (net mineralization
nd denitriﬁcation) dynamics, the major inﬂuences of tempera-
ure in the investigated system are considered. For the Nonhebel
nd Mitchell approaches, temperature also affects the calcula-
ion of the CO2 compensation point, whereas for the Hoffmanntent using the Hoffmann approach for CO2 impact calculation on photosynthesis
et al. [51] and Yu et al. [39] for ambient atmospheric CO2 concentration (top) and
sing only the CO2 effect on photosynthesis and = simulated soil moisture using
approach the CO2 compensation point is related to global radia-
tion.
A model equipped with the best performing of the tested CO2
response algorithms should adequately simulate yield responses
to the expected change of [CO2], temperature and precipitation
regime at the regional level to predict the future of agricul-
tural crop production, where wheat, barley and sugar beet
play a dominant role. The potential of such a model can beFig. 5. The Braunschweig FACE experiment: differences in soil moisture content
between treatments with ambient and 550ppm atmospheric CO2 concentration.
= observed above-ground dry matter (100%N treatment) and = simulated above-
ground dry matter (100%N treatment, using the CO2 effect on photosynthesis and
transpiration).
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Table 5
Index of agreement (IoA) [66] as a goodness-of-ﬁt criterion for the simulation of
the crop rotation experiment, using different approaches for the description of CO2
impact on crop growth.
CO2 level (ppm) Ambient 550
N level (%) 100 50 100 50
Hoffmann
Above-ground dry matter 0.99 0.98 0.99 0.99
Yield 0.98 0.96 0.97 0.94
Leaf area index 0.61 0.55 0.57 0.54
Soil moisture (0–60 cm) 0.82 0.80
Mean IoA 0.84
Hoffmann+Allen/Yu
Above-ground dry matter 0.99 0.99 0.99 0.99
Yield 0.98 0.98 0.97 0.96
Leaf area index 0.57 0.55 0.61 0.56
Soil moisture (0–60 cm) 0.86 0.85
Mean IoA 0.85
Nonhebel
Above-ground dry matter 0.95 0.94 0.98 0.96
Yield 0.93 0.94 0.95 0.93
Leaf area index 0.66 0.58 0.55 0.52
Soil moisture (0–60 cm) 0.82 0.80
Mean IoA 0.82
Nonhebel +Allen/Yu
Above-ground dry matter 0.95 0.98 0.98 0.98
Yield 0.93 0.94 0.95 0.92
Leaf area index 0.66 0.59 0.55 0.54
Soil moisture (0–60 cm) 0.85 0.85
Mean IoA 0.83
Mitchell
Above-ground dry matter 0.99 0.95 0.99 0.99
Yield 0.98 0.98 0.97 0.96
Leaf area index 0.52 0.49 0.51 0.49
Soil moisture (0–60 cm) 0.82 0.79
Mean IoA 0.82
Mitchell +Allen/Yu
Above-ground dry matter 0.99 0.95 0.99 0.99
































Modelling the response of wheat canopy assimilation to atmospheric CO con-Leaf area index 0.52 0.50 0.52 0.50
Soil moisture (0–60 cm) 0.86 0.84
Mean IoA 0.82
. Conclusions
To simulate expected climate change effects on regional agricul-
ure, an algorithmwas found to successfully describe the combined
ffects of [CO2], temperature and soil moisture regime in a typi-
al agricultural crop rotation in northern Germany. Together with
ajor feedback algorithms that were previously introduced in
ther simulation models, the important network of feedback rela-
ions between the above-mentioned climate variables makes the
esulting model a powerful tool for climate impact assessment at
egional and sub-regional levels.
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